Electricity demand response refers to consumer actions that change the utility load profile in a way that reduces costs or improves grid security. Residential demand response (RDR) can be treated as an energy resource which can be assessed and commercially developed. RDR prospectors require more detailed information about usage patterns and penetration for specific electrical appliances during system peak load. The electric utilities normally measure electricity consumption data aggregated over many households and other users on a feeder and do not have information on household end-use behaviour. This paper describes a bottom-up diversified demand model that can be used to estimate load profile of residential customers in a given region. The model has been calibrated by a stated preference demand response survey and used to estimate the voluntary demand response potential for the residential customers in Christchurch, New Zealand, where winter peak demand is becoming increasingly difficult to meet on a capacity-constrained network.
Introduction
The growth in peak demand causes a strain on the available power generation, transmission and distribution infrastructure, and meeting this peak demand is often associated with high cost. The goal of demand response is to reduce or shift electricity usage from the peak period through the use of specially designed programs. Demand response projects aimed at reducing peak load have historically been limited to large industrial and commercial users. The residential sector contribution to the system peak load can be substantial and has been the subject of discussion internationally. A study done in New Zealand in 2007, for example, attributed about half of the system peak load to residential customers [1] .
In the residential sector, proper understanding of consumer behaviour may be required for effective peak demand management. In fact, one of the main barriers to residential demand response is the lack of proper understanding of residential customer behaviour in responding to demand response requests [2] . There is a concern among demand response practitioners that demand response in the residential sector may simply move the peak problem with scale from one point in time to another. Load disaggregation or the behaviour of the different components of residential load will be required to study this problem, especially the effect of load shifting models on the aggregate load, but such disaggregated load data is usually not available.
In the first part of this paper, the diversified demand end-use model has been used to estimate the residential electricity demand profile for the city of Christchurch in winter, 2008. In this profile, the behaviour patterns of the different components of the residential load are represented, making it possible to study the effect of changes in appliance usage behaviour on the aggregate load curve. In the second part, three scenarios were developed through the use of an energy audit and stated preference survey to estimate the voluntary demand response (VDR) potential and its impact on the utility load curve. Finally, an economic evaluation is performed to estimate the economic value of the reduced load.
Appliance End-use model
The appliance end-use model is a "bottom-up" approach of generating the aggregate load profile of residential customers in which the patterns of usage of individual appliances are represented. Appliance end-use models have been developed and successfully applied in electricity load forecasting and demand analysis. A Bottomup approach has been used, for example, in the load model by Capasso et al. [3] , where probability functions representing the relationship between the demand of a residential customer and the psychological and behavioural factors typical of households were established through the use of a Monte Carlo method. Paatero and Lund [4] also developed a simplified bottom-up model that is very similar to that of Capasso et al. but uses a representative data sample and statistical averages. The random nature of consumption was generated by using stochastic processes and probability distribution functions.
In this study, load curves of the major household appliances whose aggregate defines the load profile of residential customers were generated using the method of According to the method of diversified demand, if a location can be considered, in aggregate, statistically representative of the residential customers as a whole, a load curve for the entire residential class of customers can be prepared. If the same technique is used for other classes of customers, similar load curves can be prepared [5] . The construction of the load curve requires certain load information to be available. Load saturation and load diversity data are needed for the class of customers whose load curve is to be generated. The method takes into account the fact that households may not be using all the electrical appliances that constitute the connected load of the house at the same time and/or to their full capacity. The curve is constructed from the most probable load. To obtain electricity demand for a group of households, the diversified demand per household is multiplied by the appliance saturation rate and then by the total number of households. The result is then multiplied by the appliance hourly variation factors. While the model is straightforward and conceptually simple, obtaining accurate and reliable input data remains a major obstacle. Fig. 1 shows the input data for the method of diversified demand.
Model Structure
Fig . 2 illustrates the approach used to generate the load profile of the residential customers. The total system load is broken down into three load-density areas: low The maximum diversified demand (MDD) of an appliance category per household is given by the equation:
MDD( av, max ) i is the average maximum diversified demand of an appliance category for a group of customers (e.g. households in the low density area). MDD i is the maximum diversified demand of an appliance per customer; m i is the number of households. s i represents the saturation rate of the appliance category and is defined as the percentage of households that own at least of one of the appliance of a given category. MDD depends on the total number n i of appliance i. The MDD i is a decreasing value as a function of the number of customers. In other words, peak load per customer drops as more customers are added to the group.
The MDD corresponding to different n for several household appliances is presented in Table 1 [5] . The hourly maximum diversified demand of an appliance 
Where f i (t) is the hourly variation factors of the appliance categories. The hourly variation factors show what proportion of the different appliance categories are used by a group of customers over the course of the day. f i (t) depends on the living habits of individuals in a particular area and may differ from location to location. These factors define the pattern of the load curves. The living habits in turn depend on the socio-economic characteristics of the population. f i (t) can be obtained through load research. Gyamfi and Krumdieck have, for example, estimated winter hourly variation factors of some major household appliances for Christchurch [6] . Equation 3 derives the total group demand profile for the given period.
Where MLT( t,,max ) is the maximum load for the group of customers (e.g. low density customer group) at any hour of the day, and N is number of appliances categories ( i.e. washing machine, heat pump, clothes dryer, etc.).
Winter Load Profile of Christchurch City
The generic household appliance load curve methodology described above was applied to estimate the residential electricity demand profile for Christchurch city.
The model input data were taken from previous studies. The number of households was taken from the Statistics New Zealand 2006 Census "Meshblock" dataset [7] . Table 2 shows the breakdown of Christchurch city into the three load density areas. For each load density area, appliance saturation rates for New Zealand were used to calculate the total number of appliances in each appliance category in the area [1] .
The saturation rate of heat pumps was taken from a recent BRANZ survey [8] . According to the BRANZ study, New Zealand is experiencing a high up-take of heat pumps with about a quarter of households having heat pumps installed in 2008. In the Canterbury region where Christchurch is located, the number is even higher at 39% due to local government environmental law which limits the use of wood burners for space heating. In the future, heat pump saturation in Christchurch, and in fact in the whole New Zealand, is expected to increase further.
Given the large number of households, the maximum diversified demand per customer for each of the load density areas would be the same as the ones with the load of 100. It is through this demand data that any efficiency improvement scenarios can be incorporated into the model. The total maximum diversified demand for each appliance category for the group of customers is then calculated for each of the three load density areas. The maximum diversified demand per square kilometres for each of the load density areas was also calculated. Table 3 shows the calculated maximum diversified demand of Christchurch city. To obtain the load curves, the maximum diversified demand for each load density class was multiplied by the appliance hourly variation factors of typical week day for Christchurch city developed by
Gyamfi and Krumdieck [6] . 
Reasonableness of Model
To assess the reasonableness of the model, the estimated load profile was compared with the load measured by Orion Networks, the distribution company in the Christchurch area, in some selected weekdays in winter 2006, when the demand for electricity was high. Fig.4 shows this comparison. The shape of the estimated load curve compares very well with the load profile measured by the utility company. The shape of the load profile measured by the utility company remains largely the same. The magnitude of the curve may vary greatly from day to day, mainly due to weather affecting the heating load.
Demand Response of Residential Customers
Demand response can simply be defined as consumer actions that can change any part of the load profile of a utility or region [9] . Demand response can be used to ensure supply-demand balance during supply or distribution constraint situations. As countries aspire to generate a large amount of their electricity from renewable resources, scheduling enough generation to meet demand during peak hours is going to be a challenge. Demand-supply balance can be achieved in such situations by increasing the existing capacities for energy storage and by adapting significant shares of the electricity demand to the available renewable energy production.
Influencing the energy demand at short notice will be an instrumental in dealing with this challenge in the future. A key success factor to achieve demand response in the residential sector is to understand customer behaviour and the willingness to participate in a demand response program. All technical appliance demand reduction and shifting potentials will be irrelevant if householders are not in support of programs to achieve demand reduction. It is also important to note that residential consumers might not be "smart" enough even if they have smart appliances.
For this purpose, a residential demand response survey was conducted in
Christchurch city in the winter of 2008. The aim of the survey was to develop a picture of representative household electricity usage behaviour during peak times in
Christchurch. This energy usage behaviour has two components, the activities being carried out and the appliances that are being used. The other aim of the survey was to determine customer stated preferences for demand response in two ways:
Activity response -households change normal activity pattern by shifting activities from the peak periods.
Mode response -households maintain normal activity pattern but reduce energy demand by turning off un-needed appliances or changing energy intensity. switch off electrical appliances as a pledge of support to our planet during a designated hour [11] . This event took place several months before the survey and was well publicized in Christchurch.
The survey included an energy audit section which was structured to gather data about how electricity is used in the households. Participants were asked how they use electricity to carry out their normal daily activities during winter morning and evening peak hours. This was done by supplying a list of the usual appliances, organized by activity that participants could tick and then circle a number representing the frequency of this activity (1 = seldom, 2 = sometimes, 3 = always).
A scenario was then set out whereby supply constraints or emergency required allocation of a certain amount of power for each household during the peak hours, and the amount was less than what is required for normal use. Participants were asked about the appliances they would switch off or avoid using. A monitoring experiment in which the behaviour of households is observed under realistic future conditions would give more accurate results, but such experiments are expensive to conduct and are not practical within this time frame of the project.
Survey Results and Analysis
A total of 78 out of the 400 surveys distributed were completed and returned by participants. No follow up survey was done. The participant's responses to the level of usage of each appliance was converted into a single factor by applying the following weighting factors to the three levels: seldom: w1 = 1, sometimes: w2 =2 and always: w3 =3. The probability factor, P i , was referred to as the likelihood of appliance usage at peak hours. This factor is defined in equation 4. where n i1 , n i2 , and n i3 are the number of customers indicating the use of an appliance, as "seldom", "sometimes", and "always" respectively, and w1, w2, and w3 are the respective weights assigned to the levels. n represents the total number of households that respondent to survey (i.e. n=78). This factor represents the probability that a particular appliance will be used, out of the pool of possible appliances during the peak times. Fig. 5 shows the likelihood of appliance usage during peak hours.
To get an idea of achievable appliance demand response potential, the likelihood that an appliance will be used during peak hours was combined with the likelihood that the usage of that same appliance would be altered during peak hours. The achievable demand response participation is defined as the product of the likelihood that an appliance will be used during peak hours and the likelihood that the usage of that same appliance would be altered by customers during peak hours.
The following scenarios were developed to estimate the potential maximum demand reduction if customers would modify their behaviour according to their stated intentions in the survey.
Scenario 1: Demand reduction -in this scenario, customers' co-incidence demand reduction through modification of the usage of heat pump, electric heater, microwave and range (electric stove) was calculated. Scenario 2: Demand Shifting -in this scenario, customers' co-incidence demand shifting of two major flexible appliances: clothes dryer and washing machine was calculated.
Scenario 3: Load reduction plus load shifting -if customer intended demand reduction and demand shifting activities coincide during the morning and evening peak hours. Table 4 shows the demand response characteristic of each of the three scenarios. For each of these scenarios, customer peak demand reduction was calculated from equation 5.
Under scenario 1, morning and evening peaks reduction of 8.0% and 6.3% were achieved respectively. In the second scenario where the shifting of clothes dryer and washing machine were considered, 3.7% reduction in morning peak load and 2.7% reduction in evening peak load were achieved. Finally, an average of 11.7% and 9.0% reduction in morning and evening peak load respectively was achieved by combining scenarios 1 and 2. Fig. 6 shows impact of each of the three scenarios on the peak load.
The results show a great potential for the reduction of morning and evening peak load on the utility network through residential demand response. To realize this potential, residential customers would need to be provided with enhanced supply constraint information followed by an appeal to reduce demand during peak periods.
Customers should be made aware of the advantages of being a "smart" consumer or having smart appliances. All the benefits, apart from financial aspects, like CO 2 reduction, supply security and transparency of consumption could be communicated to the consumers. Broadening the scope of information conveyed to customers would enhance customers response [6] . For demand response to be successful in the residential sector, strategies need to be developed to address the constraints that limit the acceptance of the demand response concept by the different actors (appliance manufacturer, producer of domestic energy supply systems, electric utility companies, policy makers, and consumers) [10] . For example, the washer and dryer may be operated in continuous mode where drying automatically follows a washing cycle. By using a timer function, laundry can be shifted to start at night and finish in the morning before many of the other morning household activities start. Appliance manufacturers can develop appliances with timer capabilities to facilitate residential demand response. This can be critical to realizing the demand response potential of the residential customers in Christchurch and New Zealand as a whole, even though the realization of such demand response technology may require a longer time to be realized in New Zealand.
Economic Value of Demand Response
The value of VDR in Christchurch was estimated based on the avoided cost methodology. This method considers demand response as an alternative source of electricity generation capacity. The cost effectiveness of demand response is estimated by comparing the benefit in terms of avoided investments, which would otherwise have been required to supply the load, to the investment costs required to secure the load reduction. It is a more conservative estimate and excludes benefits that are not easy to quantify, such as environmental benefits, societal cost, risks and the market effect of a reduced peak load.
The main problem of supplying peak load in Christchurch is related to transmission and distribution bottlenecks and hence only these two components were taken into account when estimating the cost effectiveness of the VDR. We assume there is enough generation capacity but limited transmission capacity. The distribution company in Christchurch estimates demand response value based on avoided new network capacity addition. This value is calculated based on the so-called Long Run
Average Incremental Cost (LRAIC) of the new transmission capacity of around NZD $50/kW and distribution LRAIC which is reported to be NZD $100/kVA per annum [12] . By using these values, the average of the morning and evening VDR value of about 65.75 MW would correspond to about NZD 3.28 million of avoided transmission cost and NZD 6.57 1 million of distribution cost per annum.
Cost effectiveness of VDR
The cost effectiveness of VDR was estimated by simply comparing the avoided investment cost to the cost of investing in advanced metering infrastructure that would make it possible to secure the demand response benefits. Estimating the cost of potential demand response programs has received far less analysis in the literature compared to the benefits, the reason being that the cost can vary widely from one utility to another and any attempt to develop a general cost estimate may leave out important differentiating cost drivers. Table 5 shows recent capital cost estimated by three different demand response research groups in the US [13] . The average of these values was assumed for this study. The cost per kW of the reduced peak load was calculated by making the following assumptions:
 Average demand response program costs per customer of NZD 149 and 398 under low and high costs scenarios respectively.
 Average peak hour demand reduction of 65.75 MW (average of the morning and evening peak demand reduction on a hypothetical supply constraint situation).
 The demand reduction is persistent over 10 years.
 Total number of 132, 966 households in Christchurch  Assumed discount rate of 5%.
The future value of the cost per kW (FC) at any particular year n was calculated from (6) FC is the cost per kW (NZD/kW) of the reduced peak load, PC is the project's total present cost (in NZD), n is the number of years, r is the discount rate and DR is the reduced demand (kW). Fig. 7 compares the investment cost of the demand response program against the avoided investment cost. Under the low cost scenario, the program pays for itself after 2 years and then begins providing positive returns while under the high cost scenario, it pays for itself after 5 years.
Conclusions
Residential demand response programs have great potential to provide cost benefits and improved network supply security. Electricity demand data for the different components of residential load over the period of the day is necessary for modelling and for developing demand response programs. This kind of information is not being provided by the utility companies. Lack of proper understanding of customer The results showed that a total of up to 11.7% reduction in the morning peak load and 9% of the evening peak load was possible. Assessment of the cost effectiveness of the VDR program shows that the project could pay for itself after four years.
